Video games and the playing thereof have been a xture of American culture since their introduction in the arcades of the 1980s. However, it was not until the recent proliferation of broadband connections robust and fast enough to handle live video streaming that players of video games have transitioned from a content consumer role to a content producer role. Simultaneously, the rise of social media has revealed how interpersonal connections drive user engagement and interest. In this work, we discuss the recent proliferation of video game streaming, particularly on Twitch.tv, analyze trends and pa erns in video game viewing, and develop predictive models for determining if a new game will have substantial impact on the streaming ecosystem.
INTRODUCTION
While video games are o en considered a useless or wasteful pasttime, many have turned that past-time into successful careers and a 22.41 billion dollar industry 1 has arisen around video games and video gaming. Of this multi-billion dollar industry, "Gaming Video Content", a secondary market for video content about gaming news, gaming lifestyle, and the games themselves, was estimated to be $3.8 billion in size in 2015. One site in particular, Twitch.tv, captures approximately 43% of that market 2 .
Twitch.tv started as an o shoot of Justin.tv, which originally streamed the day-to-day life of Justin Khan, one of the four cofounders.
e site soon expanded to other streaming subjects, allowing each user to stream whatever they wanted. Streams of users playing video games soon became extremely popular on the site, so much so that Twitch.tv was created, the name inspired by the term "twitch gaming" 3 . 1 In 2014 according to the Entertainment So ware Association, the applicable trade association. 2 According to www.superdataresearch.com 3 Twitch gaming refers to a style of gameplay that requires extremely fast reaction times.
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Much research on video games has been conducted from the psychological side, studying addictiveness and other social issues on the individual level. Even work in computer science has been focused largely on the individual player level, focusing on player churn, progression, and social habits. Some studies have expanded to analyze small groups of players, but there is no research work on the trends of very large populations of players across games, despite the potential value for content producers, both on Twitch's streaming platform and in the general gaming industry.
In addition, very li le a ention has been given to the massive numbers of interpersonal connections that arise from Twitch. As we will discuss, normal activity on Twitch forms or reinforces thousands to millions of social bonds every day. However, the possible impacts of these bonds remain unstudied.
In this work, we will describe the relevant data available directly from Twitch.tv, demonstrate the dynamicity of social relationships through viewership habits on Twitch, analyze how the emergence of new games a ects these viewership pa erns, and nally develop predictive models to determine which games are likely to a ect viewership pa erns. In addition, we will discuss some of the related work alluded to above and provide some future directions for other work based on the Twitch platform.
TWITCH.TV DATA
At any given time, Twitch's set of content producers and consumers form a tripartite network, with one-to-many relationships between the layers of the network. e rst layer, depicted le -most in Figure 1 , is games. Each game is a unique video game (that is, Fallout 3, DOTA 2, Overwatch, etc.) or one of Twitch's designated topic categories. Topic categories include "Creative" for creative work, "Talk Shows" for radio-style talk shows, and "Programming" for coding work, among others. Topic channels need not be gamingrelated. For example, a marathon rebroadcast of Bob Ross's Joy of Painting was extremely popular and there is now an "Eating" category, though most are at least peripherally gaming-related. e second layer, channels, forms a many-to-one relationship with the games layer. Depicted in the middle in Figure 1 game. ere is no limit to the number of channels that can play a particular game. Channels are not bound to a particular game for their entire lifetime, but they can only be playing one game at any particular time. Channels are also not obligated to stream at any time or for any length of time, but Twitch has developed a partner system to encourage channels to stream regularly. e nal layer, viewers, forms a many-to-one relationship with the channels layer. Transitively, it thus forms a many-to-one relationship with the games layer. Depicted right-most in Figure 1 , this layer is unique in that individual viewers are not always uniquely identi able. Twitch allows viewers to be anonymous, though in an anonymous context, they cannot interact with the channel directly. Once viewers sign in on Twitch, they can interact with the channel directly by participating in a channel's chat room. Logged-in users can also directly support the channel by "following", essentially bookmarking the channel, or "subscribing" to the channel. Subscribing constitutes direct nancial support of the channel, as each subscription costs the viewer $5 per month. However, only channels that have earned membership in Twitch's Partner Program are eligible for subscriptions.
In order to analyze the relationships between games, streamers, and viewers, we collected snapshots of Twitch's network detailing which games are being played, how many streamers are playing each game, and how many viewers are watching each streamer (and subsequently, each game). During the period spanning April Figure 2 : Number of games with viewer population vs. number of viewers on April 9th at 6:00 AM GMT. Note that both axes are log-scale, indicating that this trend follows a powerlaw distribution.
Figure 3: Number of games with streamer population vs number of streamers on April 9th at 6:00 AM GMT. Note that both axes are log-scale, indicating that this trend follows a power-law distribution.
9th to June 12th of 2016, we collected such snapshots every 15 minutes. Snapshots which did not have complete data were discarded, leaving 5, 150 valid snapshots. Multiple consecutive missing snapshots were observed primarily when Twitch was under heavy load, usually during major eSports tournaments. Among all of these snapshots, we observed 13, 951 unique, identi able games being played, speaking to the diversity of interest on Twitch.
In this work, we claim that the set of games, streamers, and viewers can be thought of as a social network. is claim is born out both by the data and by considering the forces that operate on the network. Viewers of game content, who are by far the majority of Twitch's users, do not simply view sterile, homogenous game content. A viewer's experience viewing a particular game is in uenced Figure 4 : Number of viewers vs. number of streams with that viewer population on April 9th at 6:00 AM GMT. Note that both axes are log-scale, indicating that this trend follows a power-law distribution.
by the streamer's choices.
ese choices may include a camera showing the streamer's face in a small area of the screen (analogous to picture-in-picture), audio commentary about the game by the streamer, audio interaction with viewers participating in the associated chat channel, and even the style with which the streamer plays the game. us, the viewer interacts with the streamer, both explicitly in the chat channel and implicitly in choosing that stream over another playing the same game, and a social link is formed. Conversely, the streamer interacts with viewers through some of the same means, by choosing which game(s) to play, choosing to show or hide his/her face, etc. us, social relationships form between streamer and viewer. at viewers willingly and frequently pay to support streamers through the subscription system is a testament to the strength of these bonds.
antitatively, Twitch's streaming network also demonstrates many of the same properties as traditional social networks like Facebook and Twi er. For example, both the number of streamers playing a particular game and the number of viewers watching a particular game follow power-law distributions. Similarly, the number of viewers watching each stream of a particular game follows a (weaker) power-law distribution. Graphs of all three of these observations can be seen in Figures 2, 3 , and .
We can also expect to see cyclical pa erns of viewership and streamership pursuant to the standard daily cycles of human behavior. Since the user base of Twitch.tv is primarily North American or European, we expect to see strong daily viewership cycles corresponding to these time zones. Figures 5 and 6 clearly show the daily pa ern of both streaming and viewing, respectively, as well as small increases over the weekend, when both streamers and viewers have more time to stream and view. Interestingly, the weekend increase is more noticeable in the streamership graph. is may be because 'casual' streamers that do so for entertainment and not to make a living have longer or more frequent streaming sessions during the weekend, while viewership does not change as much over the weekend. More analysis is needed to con rm this observation. Figure 5 , this graph shows a strong daily cycle and indicates a weekend boost. Interestingly, the boost appears more noticeable in this graph.
STREAM TESTING
e Twitch network is a dynamic network with many factors a ecting the streaming and viewing population at any given time. One of the most apparent factors is the set of games available for streaming and viewing. is set is in uenced primarily by the release of new games into the marketplace. us, we expect to nd that newly released games cause a substantial shi in viewership pa erns of the existing games. In order to determine if this is true, we must rst determine if there are, in fact, substantial shi s in viewership pa erns over time. Logically, if there are no shi s in viewership, new games cannot cause shi s. Phrasing this as a hypothesis, we propose Hypothesis 1, a null hypothesis: H
1. e distribution of a game 's viewership, ( ), does not change over time.
Since, as we discussed in the previous section, game viewership on Twitch is highly cyclical, it is not reasonable to analyze Twitch viewership as if it were a stream of continuous values. e data spanning say, 4:00-5:00 AM would appear very di erent from the data spanning 4:00-5:00 PM. us, we focus our testing on cycles concomitant with the natural cycles of Twitch viewership, namely cycles with day-long or mutli-day periods. In this analysis, we use cycles of 1, 2, 3, and 7 days. While single-day and week-long cycles are self-evident, we added 2 and 3 day cycles to capture the di erence between weekend and weekday viewership pa erns.
us, we revise our previous null hypothesis to that of Hypothesis 2.
H 2. e distribution of a game 's viewership, ( ), does not change over 1, 2, 3, and 7 day cycles.
In order to test this revised hypothesis, we rely on the technique of [? ] . is algorithm allows for the successful testing of viewership pa erns over rolling, con gurable windows. e algorithm for one window is reproduced in Algorithm 1. In our implementation, we consider each game's viewership timeline a separate stream of data, and test each of these streams over all four windows speci ed above. To account for the invalid snapshots discussed previously, our implementation purges the test window(s) upon encountering an invalid snapshot.
Input Algorithm 1 does not, however, specify a change detection method. is is intentional on the part of the original authors as it permits the usage of whichever change test is most appropriate. Since our nal hypothesis only speci es the subject game and time scale as parameters and we already use those to determine stream composition and window size(s), we require a non-parametric test for change in the stream. For our streams, we chose the Kolmogorov-Smirnov (KS) Test [? ] , as it is a reliable, non-parametric test of distribution di erence. Performing the KS Test on our game streams per Algorithm 1 resulted in 100, 628 distribution changes detected with α ≤ 0.05 across the 13, 951 game streams, an average of 7 per game. Table 1 shows the number of distribution changes detected per window size. Henceforth, we will refer to these as change events.
Such a large number of changes in viewership pa erns, even on the longest cycles, indicates that the null hypothesis proposed earlier is throughly rejected. at is, there is detectable variation across all four windows sizes. In order to be er understand the changes in viewership distributions, Figures 7 and 8 of viewer distributions at the time of a change event for the game League of Legends over 1 and 7 days. Both of these graphs show a large increase in viewership occurring over a very short period of time. In the case of the second graph, this increase of viewership is repeated three times and then disappears. is pa ern in viewership is likely caused by an eSports event occurring for League of Legends, causing many interested viewers to tune in during the competition. Interestingly, this competition is likely a European competition, as it can be clearly seen that the massive spikes occur some hours before the typical daily cycle reaches its peak. e KS Test detected a signi cant change between these two distributions.
Continuing to inspect the distribution of change events, Table 2 shows the ten games whose viewership streams have the most associated change events while Figure 9 shows the distribution of the number of changes against the number of games that have those changes. Interestingly, Table 2 shows that the games that have the most change events are not the most popular games. Many of these games are older games that continue to be popular in the gaming community, but do not command the a ention that they once did. For example, Final Fantasy VII was released in 1997 and Diablo II: Lord of Destruction was released in 2001. is may indicate that games like these serve to ll a gap between releases of more popular games, when the newness of newly-released games wears o for streamers and/or viewers and they return to playing and/or watching games that they are familiar with until another new game comes around. More investigation would be needed to con rm this phenomenon, but being the subject of change events both when they lose popularity and then subsequently regain it would explain the high number of change events. e KS Test detected a signi cant change between these two distributions.
Game Name
Number Interestingly, Figure 9 does not follow the same power-law we would expect to see given that there were power-law relationships between the three slices of the tripartite graph that makes up the Twitch network. It is di cult to see intuitively why this would not also show a power-law relationship, given that some of the same popularity dynamics are at play in the decision to change games as it is to select a game, as demonstrated by Figure 2 . More investigation is needed into the precise nature of the migration pa erns between games.
Knowing that there are signi cant uctuations in game viewership over time, we move on to the next step, determining if these change events are related to the debut of new games on the Twitch network. In the next section, we discuss our method of linking new games with change events on existing game streams, and the value of such a linking in predicting if games debuting in the future will cause similar impacts.
VIDEO GAME DEBUTS
Knowing that uctuations exist in Twitch viewership distributions naturally leads us to the topic of determining the causal factors Figure 9 : Histogram of number of change events and number of games with that number of change events. Note that unlike previous gures, this is not power-law distributed.
of those uctuations. In the previous section, we speculated that changes in the set of games available to stream would be a large factor in causing uctuations. We believe this to be the case from our manual observation of the popularity of newer games on Twitch. In addition, this makes intuitive sense: users of social networks o en exhibit novelty-seeking behavior, and seeking out and viewing streams of new games ts that behavior pa ern.
In order to test this behavior, we analyzed all of our network snapshots in time order and recorded the time at which each of the nearly 14k games 'debuted' on the Twitch network, that is, the rst time they appeared in a snapshot. It is important to note here that this debut time does not necessarily match the game's actual release date. Just as movie reviewers o en see movies before they are released to general audiences, game reviewers receive review copies of games in advance of the street release date. e popularity of streaming websites and the massive popularity of some of the largest streamers has lead publishers to allow some streamers to play games on stream in advance of their street release date 4 . is builds "hype" for the game and, theoretically, improves sales. However, it does mean that we cannot use a game's release date to determine when that particular game starts being available in the Twitch game pool.
A er nding the 'debut' time for each game, we counted the number of change events that occurred in the 30 minutes following the game's debut. 30 minutes, we reason, is long enough that viewers interested in the new game will have switched their viewership to the new game, but not so long as to falsely a ribute unrelated events to the game of interest. Note that this analysis excludes games that were streamed every day on Twitch, as no games which debuted in the rst day of snapshots can possibly have change events associated with their debut, given that the shortest window size is one day. Interestingly, this analysis indicates that many game releases have a substantial impact on the Twitch viewing population. In fact, this analysis indicates that the majority of game releases are associated with change events. is does not, however, mean that viewership of the most popular games are a ected. It is likely that the large population of games with change events indicates that there is heavy competition for the "tail" of the power-law distribution depicted in Figure 2 . is revelation, in combination with the results depicted in Table 2 and Figure 9 , leads us to believe that a large part of the competition for viewership occurs in the middle ranges of games. Indeed, none of the games in Table 2 are regularly in the top 10 games on Twitch.
e fact that multiple games debut in the same snapshot (this must occur since there are 5, 150 snapshots and 13, 951 games) supports this theory, as the viewership of the most popular games is not erratic enough to account for these changes. Additionally, a large portion of game debuts linked to change events supports our theory that the set of available games in uences streaming habits.
is leads us naturally to the question of prediction. Since game debuts with and without associated change events are approximately balanced, we would like to predict which games will have an impact on Twitch viewership. In order to do this, we supplemented the viewership data from Twitch with data about each game provided by GiantBomb 5 . GiantBomb provides an open-access database of metadata concerning individual video games, which we use in the next section to build predictive models.
SUCCESS PREDICTION
With mappings from game deputs to change events as well as rich data about each individual game, we would like to determine the feasibility of predicting if a game will be successful on Twitch (that is, cause at least one change event) given the data available from a service like GiantBomb. Not all games on Twitch could be matched to games on the GiantBomb service, and those games have been excluded from our analysis from the start. For example, the "Creative", "Programming", and "Talk Shows" pseudo-games do not have entries on GiantBomb, so we excluded them from our analysis. In addition, unresolvable game entries like "StarCra II" were excluded, as that could refer to StarCra II: Wings of Liberty, StarCra II: Heart of the Swarm, or Starcra II: Legacy of the Void, the base game and its two expansion packs. Trimming games that could not be supplemented with GiantBomb data removed only 245 games, less than 2% of the total population 6 . e data avialable from Giantbomb is rich in nature by virtue of its source, being supplied by enthusiasts and the gaming community. Table 4 shows the features available from the GiantBomb data. In the classi cation techniques listed below, we use all features present 5 h p://www.giantbomb.com/api/ 6 Resulting in the 13, 951 number cited early. e original set included 14, 196 games and pseudo-games. in a particular game's description. In the case of the description and short description features, we use the length of these descriptions. For features that pertain to characters, objects, people, locations, and reviews, we use the number of such objects. A number of additional time-based features were computed and used, including game age, di erence between date added and last updated, date added and release date, original release date and expected release date, and date added and last updated. Using this trimmed data, we used the following three classication algorithms to determine if predicting impactful games is possible and if so, what features were important for prediction.
Aliases
• Decision Tree (DT): A decision tree model per [? ], we included decision trees since the model is easy to learn and highly interpretable. In addition, decision trees easily handle categorical data, which is frequently encountered in video game contexts.
• Random Forest (RF): Similar to decision trees, random forests per [? ] train a large number of randomized decision trees and ensemble the results into a nal class decision. Random forests retain a large amount of interpretability since they are simply made up of decision trees while enhancing performance through ensembling. Similar to decision trees, random forests cleanly handle categorical data.
• One-Class SVM (SVM): is technique, from [? ], di ers from the other two techniques as it is not based on decision trees and thus loses the interpretability of trees. We included this classi er for its outlier detection abilities. Since game releases associated with change events in the most popular games are rare, an outlier detection strategy may provide be er results than decision trees. Using 10-fold cross validation, we trained each of the three models above using the complete data set described above. e Decision Tree and the Random Forest classi ers were limited to a depth of 5 to avoid over ing. In Table 5 , we report the average of the accuracy, precision, recall, and F1 measure for all three classi ers. Table 5 : Results from the three classi ers on the task of predicting if a game's debut will be coincident with change events.
e results from these classi ers are indicative of the true diculty of the task. It is also important to note that these classi ers do not represent the best possible performance. Deep learning or other tools may be able to provide be er performance. In this work, we seek to demonstrate that performing this classi cation is possible and valuable. All three classi ers provide be er results than random, indicating that it is possible to determine games that will be successful automatically. As expected, the random forest classi er outperformed the decision tree classi er, though the di erence in performance is small. Surprising, however, were the results from the one-class SVM classi er. e only metric on which the SVM classi er is competitive is precision, and recall su ers.
Since one-class SVMs is an outlier detection approach to this problem, as we discussed above, this mode of failure is quite surprising. We would expect this approach to fail in such a way that overgeneralizes, leading to very high recall, but low accuracy and precision. However, the approach provides a competitive precision, but low accuracy and recall. is strange performance may indicate that categorical a ributes of the data are more useful in determining the impact of video games on Twitch, as the SVM model and tree-based models necessarily deal with these a ributes di erently.
Inspecting the decision trees generated from our classi cation e orts shows that the length of game's text description from GiantBomb is the most important feature, counter to our expectation from the di erence in performance between decision trees and the SVMs classi ers. However, we do not believe that the dominance of this feature is surprising. As GiantBomb's data is supplied by the gaming community, a longer description may indicate more enthusiasm about the game from the community. is enthusiasm translates to a higher willingness to watch the game when it is available on Twitch, which translates to a higher likelihood of impact events. Similarly, the dominance of this feature is reassuring for the long-term usefulness of our models. Since there is so much media coverage of games before their release dates, A er this feature, categorical features dominate, which matches our expectations. e most heavily used among them are the platforms on which the game is available, with preference given to the latest generation of consoles. is is reasonable, as newly released games, which are naturally more likely to receive interest, are likely to be released on the most recent platforms. In addition, the newest platforms have streaming capability built directly in to the so ware making it easier for the newest games to be streamed. In fact, Sony's Playstation 4 can be con gured to begin streaming whatever game is being played at the press of a single bu on.
Somewhat surprising in these results is the poor gain in performance from the Random Forest model, which only slightly outperforms Decisions Trees in accuracy and underperforms in the F1 Table 6 : Results from the decision tree-based classi ers a er removing the most predictive feature, the length of the long description.
measure. is lack of substantial change in performance indicates that the features discovered by the decision trees are the most useful features, and subsequent features do not hold a substantial degree of predictive value. To test this claim, Table 6 shows the results of training the Decision Tree and Random Forest classi er without the top feature, the length of the game's long description.
From this change in the dataset, the di erence in performance is apparent, but minor. More interesting than the change in performance is the change in most predictive feature, however. is shi ed from the length of the game's description to the number of user reviews. Arguably, these two features actually measure the same thing, as they can both be considered a proxy for community enthusiasm regarding the game, though user reviews will not be available before the game is released while the game's description will be. Interestingly, this second feature does not appear in the rst set of decision trees, which indicates that the two features have discriminative power over the same two groups of games.
RELATED WORK
ough sparse, the body of work related to this research informs the analysis we conducted, and we divide it into two parts for the purposes of discussion. Games research covers video games speci cally and migration research covers the pa erns and trends by which users transition from one game or site to another.
Games Research
Much of the existing research on video games has been done on a very small set of games. Ever est 2's player base was studied by analyzing group success [? ] 
DISCUSSION AND CONCLUSIONS
In this work, we have discussed Twitch.tv and the data available on this platform in detail, the rst such discussion available, demonstrated that viewership pa erns vary over even short time spans, linked those variations to new games debuting on the Twitch network, and demonstrated that even simple classi cation algorithms have predictive power on a game's impact, again the rst such work. In doing so, we have contributed to the understanding of the complex interaction between video game players and the games they play as well as the games they choose not play, as well as with other players of the same and di erent games. is understanding could be used to develop games that are more satisfactory for players and viewers alike, and thus are more successful. In addition, it could be used as a recommender system for streamers, who, in growing their following, want to balance enjoyment of their own play time with playing games that are new and interesting.
Future extensions of this work include re ning the predictive models for game impact, enhancing churn analysis with the knowledge of not only when streamers switch games but their destination, determining the success factors for streamers in addition to those for games, and analysis of the economics of streaming with respect to the Twitch Partner Program. Re ning the predictive models is of particular interest, as our approach currently cannot distinguish between the impact of two games that appear in the same snapshot.
In addition, we identi ed a number of areas in the paper that warrant further study, mostly around change events. e frequency of change events associated with games in the middle range of popularity warrants further investigative work and such work may bene t from a longer-duration study. In addition, it is worth investigating if other basic social principles, like homophily, apply to the Twitch network as they apply to other social networks.
